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Abstract. An important aspect of ontology learning is a proper evatumatGen-
erally, one can distinguish between two scenarios: (i)iguaksurance during an
ontology engineering project in which also ontology leagntechniques may be
used and (ii) evaluating and comparing ontology learningritigms in the labora-
tory during their development. This paper gives an overviediferent evaluation
approaches and matches them against the requirements ottiaiss. It will be
shown that different evaluation approaches have to be expplepending on the
scenario. Special attention will be paid to the second seeaad the gold standard
based evaluation of ontology learning for which concretesuess for the lexical
and taxonomic layer will be presented.
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1. Introduction

When it comes to the evaluation of ontology learning one hasstinguish between two
different scenarios: On the one hand there is the scenar@enmmn ontology learning
algorithm is used in the context of an automatic or semi+aatic approach to ontology
engineering (cf. [1] and [2]). On the other hand there is tedation of the ontology
learning algorithm itself (cf. [3] and [4]). Both scenaridiffer in their requirements with
regard to their evaluation thus leading to different evéidusapproaches.

In Fig. 1 one can see the general approach of ontology legrititakes as input a
domain centered corpus and tries to learn an ontology whidiceptualizes the infor-
mation implicitly available in the corpus. Depending on geenario, different aspects
of ontology learning have to be evaluated. In the first sdenat only the learning al-
gorithm influences the results but another important aspetie choice of the correct
corpus which has to contain information relevant for th& tisthe second scenario one
is only interested in the quality of the learning algorithseif.

We argue in this paper that in the first scenario the functidimension of an on-
tology should be evaluated by means of an extrinsic, taskdavaluation, i. e. in the
running application for which the ontology is engineeredisTkind of evaluation en-
sures that the objective of using an ontology, improvingréatetask, is really achieved.
But this approach is not feasible in the second scenario evtier aim is to compare
ontology learning algorithms. Its objective is the assesgnof the quality of different
learning algorithms. In this scenario, an intrinsic or taskitral evaluation by means of
a gold-standard based evaluation is usually the bettecehoi
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Figure 1. General Approach of Ontology Learning

After describing the two scenarios and their requiremeritis kegard to the evalu-
ation in more detail we will focus in the remainder of this papn the second scenario
and especially on the gold standard based evaluation oéitieal and taxonomic layer
of ontologies. It will be shown that existing measures haserbfaulty and that a well-
founded evaluation model is largely missing. Therefore describe a new framework
for gold standard-based evaluation of ontology learningctvincludes measures for the
lexical and the taxonomic layer of an ontology. The framdwawoids common mistakes
and we show by analytical considerations and by some expatsihat it fulfills crucial
evaluation criteria that other frameworks do not meet.

2. Evaluation Scenarios and Approaches

In the following, we will present the two scenarios in morgadeand list several applica-
ble evaluation approaches. We will distinguish between@gghes which try to measure
the functional dimension of a learned ontology and the orféslwmeasure the structural
dimension (cf. [5]). The functional dimension of an ontolag related to its conceptual-
ization while the structural dimension is related to therespntation of an ontology as a
graph. It will be shown that, depending on the scenariogtbfiit evaluation approaches
for the functional dimension should be used.

2.1. Scenario 1: Quality Assurance During Ontology Engiivee

In this scenario ontologies are evaluated during the ogjoémgineering process as part
of the quality assurance. Typical questions for evaluatingontology are whether it
is consistent, complete, concise and expandable (seeH®&)this purpose, in [5] and
[7]it is proposed to measure the structural and functiomakdsion of ontologies and
their usability profile. The requirements which should biilfad by an ontology with
regard to the dimensions will be usually defined during tlaet gthase of an ontology
engineering project.

For example, one may check whether the target domain of tt@ogy is suffi-
ciently modeled to fulfill the functional requirements aodihether the ontology helps
to improve the performance in the task for which it is des@yris a consequence of
such an evaluation one may e. g. decide to further extend agpets of the ontology.
During the structural evaluation it is checked whetheraiartriteria are fulfilled which
are related to the design principles of good ontologies ahithwhelp to improve an
ontology’s overall quality. In [5] it is additionally proped to evaluate the usability pro-



file of an ontology. During such an evaluation the quantitgt gnality of the ontology’s
metadata is checked which address the communication daftar ontology.

In this scenario, the evaluation of ontologies is seen asvoitant part of the
quality assurance process. In many cases the ontologiebevinanually engineered.
But in case of semi-automatic approaches to ontology eegimg (cf. [1] and [2]) also
the output of ontology learning algorithms is containedha éngineered ontology and
it is thus also evaluated during the quality assurance gsce

The following approaches to a functional and structural@t#on can be identified
in this scenario:

Task-based ApproachesTask-based approaches try to measure in how far an ontology
helps to improve the results of a certain task. They will Uguaeasure the func-
tional dimension of an ontology but also the structural disien may influence
the outcome of task-based evaluations. For example, if esigds an ontology for
improving the performance of a web search engine (cf. [8) wray collect sev-
eral example queries and compare whether the search resuttsn more relevant
documents if a certain ontology is used. A task-based etratus influenced by
many aspects which have to be kept constant during all evahssso that changes
in the results can be put down to the changes in the used gigsldrhe choice of
concrete measures for such an evaluation is dependent tastye. g. for the web
search engine example one may adapt measures known frormatfon retrieval
but also other success criteria may be defined.

Because every task-based evaluation is individual, nefggt of well-suited mea-
sures can be defined. Nevertheless, some principles carehified: Usually, it
is not enough to know whether an ontology is better or wors@ @nother but
one wants to conclude on concrete shortcomings in its canakpation. Thus, in
[9] it is demanded that a task-based evaluation allows faclkwling on insertion,
deletion and substitution errors in the ontology, i. e. \eethere are superfluous,
missing or off-target concepts and/or relations. But agiare is no universally
valid way how the principles can be realized in a concretie-based evaluation.
In [9] it is only demonstrated for one example task.

Corpus-based ApproachesCorpus-based approaches are used for checking in how far
an ontology sufficiently covers a given domain. They additesgunctional dimen-
sion of an ontology. For this purpose, the ontology is coragavith the content of
a text corpus which is representative for the domain. Theesdrof the corpus is
analyzed with natural language techniques, e. g. in [Lhi&Semantic Analysis
and a clustering method were applied for identifying termthe corpus. The list
of identified terms was then compared with the terms in théuatad ontology.
Similar approaches for evaluating the lexical layer of atolmyy are described in
[11] and [12] while [13] contains a preliminary method applle for evaluating
triples in ontologies.

All the corpus-based approaches have in common that thefveinformation ex-
traction and/or ontology learning techniques in the ew#una Thus they are only
partially suitable for evaluating ontologies which werarteed with other ontology
learning algorithms because the information extractiot/@nontology learning
techniques from the corpus-based approaches are like aiaric which can not
be outperformed by other ontology learning algorithms.1i][it is proposed to



evaluate and extend ontologies at the same time with suclp@noach, e. g. by
suggesting terms which are currently missing in the ontplagd which would
improve the evaluation results.

Criteria-based Approaches|n this category fall a wide variety of evaluation measures
which all have in common that they measure in how far an ogtolar taxon-
omy adheres to certain desirable criteria. One can disshdoetween measures
related to the structure of an ontology, e. g. if it is repréed as a graph, and more
sophisticated measures which e. g. evaluate a taxonomyl lsasphilosophical
notions.

Structural measures are quite straightforward and easyderatand: For example,
one may measure the average depth of paths from root to lelakrin a directed
graph, how many nodes have more than one ingoing arc (i. gi-hetarchical
nodes) or whether there are cycles in the directed grapfb{cind [7]). But also
for ontologies based on frame logic or description logic oy define structural
measures, e. g. for detecting potential inconsistencidiseipartitioning of a tax-
onomy (cf. [6]). Such a partitioning error measure may faraple find instances
belonging to more than one class where two or more of theedas® defined as
disjoint.

For the structural measures it is usually no problem to hduypautomatic eval-
uation. This is not the case for the more sophisticated meadike OntoClean
[14] which evaluates taxonomies based on philosophicéabnstike the essence,
identity and unity which should be taken into account dumnmgdeling an ontol-
ogy in order to avoid common pitfalls. For example, a propertessential for an
entity if it holds for that entity in every possible world. fflaermore, a property is
rigid if it is essential for all its possible instances. IM]Llthis is explained with
the example relationsaving a brainandbeing a studentn this example, thbav-
ing a brainrelation is essential for all human beings thus it is a rigioperty. In
contrast théeing a studentelation, which is not essential for any human being as
everyone can become a student or cease to be a student ahany tius it would
be an anti-rigid property. (For more examples and explanatsee [14].) Because
of this high complexity, OntoClean is designed for manualtalyzing ontologies
although an approach for partially automating this proeess recently proposed
(see [15]).

The most important success criterion for an ontology ereging project is whether
the final ontology helps to improve the task for which it wagieeered. Thus, improv-
ing the results during a task-based evaluation can be setfte asost important goal.
Corpus-based and criteria-based evaluation approachekeip to pinpoint the remain-
ing problems which should be addressed in an improved veididhe ontology. The
main assumption behind corpus-based and criteria-basddation measures is that an
improvement with regard to the measures correlates withmgamdvement in the task-
based evaluation (see [8] where the correlation was shom@ritcoClean [14]).

2.2. Scenario 2: Comparing Ontology Learning Algorithms
In this scenario one tries to assess and compare ontologyngaalgorithms with each

other. It can be used by researchers to improve an existangiteg algorithm or to find
out how changing the values of input parameters affectsahbelts. An example how



such an evaluation may look like is available in [4]. It is theal in this scenario to
measure the quality of an ontology learning algorithm. R®fisuld ideally be done by
looking at the output (i. e. the learned ontology) and conmggit with the input (i. e. the
content of the corpus). As we will see below, there basioaligt two approaches how
one can approximate the comparison with the input by eitteking a manual evaluation
by human experts or a gold-standard based evaluation whergald-standard covers
the content of the corpus.

With regard to the functional dimension of the learned argglone is interested
in measuring in how far the learning algorithm is able to @ptoalize the information
from a given corpus (e. g. whether it extracts isA-relatibeveen relevant concepts)
and which fraction is found. This corresponds to measutiegorecision and recall (see
4.1). But also from evaluating the structural dimensiorhef fearned ontology one may
draw interesting conclusions on the qualities of a learailggrithm.

In the following, two approaches to measuring the functiatimmension will be
presented which are specific for the needs in this scenadavaich are different to the
approaches from the first scenario. In contrast, it is ptssire-use a subset of the
structural measures described in 2.1. Thus, we will comaenhere on the evaluation of
the functional dimension.

In the previous scenario, a task-based evaluation wasdemesi as ideal for evalu-
ating the functional dimension of an ontology. This is na tiase for the evaluation and
comparison of ontology learning algorithms. Here, it wolddnecessary to filter out the
influence of the task on the evaluation results in order toenalid conclusions on the
strength and weaknesses of the learning algorithm itself.ekample, the results of a
task-based evaluation would be influenced by many otheorfadike the choice of the
corpus, the task itself or the algorithm used for perforntimg task. Additionally, it is
very difficult to conclude from the results of a task-baseal@ation on the concrete pre-
cision and recall values achieved by the learning algoritinstead, it would be valuable
to have a more direct approach to measuring those dimensfianterest. All in all, the
following list of criteria should be fulfilled by an evaluati in this scenario:

» The evaluation should be task neutral and allow developeessily pinpoint the
advantages and disadvantages of a learning algorithm Hidgighe different ad-
vantages and disadvantages of a learning algorithm is théo the ontology en-
gineer who has a concrete task in mind. This weighing can becan his expe-
rience or even on a task-based evaluation where it was shatieertain aspects
of an ontology are more important than others.

« Allinfluencing factors of the evaluation have to be suffitigdescribed so that its
results can be reproduced at another time and place. Thigigrtant for having
a proper scientific evaluation in general and also appliestfter approaches and
scenarios like task-based evaluation approaches.

« It should be possible to do additional evaluation runs atdost because frequent
and large-scale evaluations are required during devedopntology learning al-
gorithms, e. g. in order to find the parameter values of thenieg algorithm for
which the best results are achieved. It has to be ensuredltiebluation runs are
performed under the same conditions in order to have corbfearasults.

By looking at the literature, one can identify the followitwgo approaches for mea-
suring the functional dimension in this scenario:



Manual Evaluation by Human Experts This evaluation approach can be found in sev-
eral papers about ontology learning algorithms like in [46H [17] where the
learned ontology is presented to one or more human expeithwhve to judge
in how far the extracted information is correct (i. e. thegs®n is measured).
But the approach has several downsides: First of all, theebed information is
not compared with the information found in the corpus buhviite knowledge
of the human expert. While this is not so problematic for meaaguthe precision
of the learning algorithm it makes a reliable measuremettefecall nearly im-
possible. Furthermore, the most important influencingdiaof the evaluation is
the choice of the human experts. Because they may not beableatt another
time and place the last two criteria outlined before are alfifled. This problem
can only be avoided by asking a sufficiently large number peets. Additionally,
every evaluation run comes with the same high costs as theudirshus making
frequent and large-scale evaluations unfeasible.

Gold Standard Based ApproachesGold standard based approaches compare the learned
ontology with a previously created gold standard which espnts an idealized
outcome of the learning algorithm. A learning algorithmamsidered to be better
when the learned ontology has a high similarity with the gatthdard. Examples
for this kind of evaluation can be found in papers like [3R]&nd [18]. The gold
standard based evaluation fulfills all the criteria fromahdt can be used for
directly measuring the precision and recall of the learnetlogy compared to
the gold standard. Furthermore, the evaluation resultfeaeproduced and are
comparable if the same corpus, learning algorithm and g@iddard are used.
Additionally, only for the first run of the evaluation the higosts of creating the
gold standard exist. Subsequent runs of the evaluatiorharefully automatic.

Although the gold standard based evaluation seems to bEidiés scenario there
remains one big issue: Where to get or how to create such a goidad? On the one
hand, one may ask a human expert to create a gold standam d@aske information
in the used corpus. Depending on the size of the corpus, @dnisanstitute a very work
intensive approach. Another approach might be to take @aadyrexisting ontology and
choose the corpus accordingly so that it can be assumed tstaithe information of
the gold standard is available in the corpus. An exampleelfdtier approach is available
in [4].

Independent from this decision, the term “gold standardy beamisleading as there
exists not only one gold standard but, depending on who ischskne may get several
gold standards which differ in their details. This is duehe tifferent conceptualiza-
tion humans may have of a domain (cf. [5]). The same probleistefor the manual
evaluation by human experts. There it is typically addré$semeasuring the consensus
between several experts (cf. [19]). A similar way may be dsethe creation of the gold
standard. For example, one may involve several experteicréation of the gold stan-
dard and measure their consensus or one may compare witlalsgolel standards (and
measuring the agreement between those gold standardsedautiless of this decision,
the main advantage of gold standard based evaluation reitieaitithe conceptualizations
of the experts become explicitly available in form of thedystandard. This ensures that
every learning algorithm is compared against the same atdrahd that everyone can
control how thoroughly the gold standard was created.



There exist many measures for the gold standard based twealwd ontologies.
They can be distinguished between measures which onlyatestloe lexical layer of an
ontology, the ones which also take the concept hierarchgp@momic layer into account
and the ones which evaluate the non-taxonomic relationsized in an ontology. In this
paper we will concentrate on the measures for evaluatingettieal and the taxonomic
layer.

On the lexical layer “binary” measures are often used thatpare the terms from
the reference and the learned ontology based on an exadt ofattrings. Examples for
this kind of measure are tAerm Precision and Term Recal$ they are presented in [18].
There exist several other names for these measurekéikieal Precision and Recatir
simply precision and recal(see [20] and [21]). Another example of a lexical evaluation
measure is thé&tring Matchingmeasure presented in [22] and [19]. This measure is
based on the edit distance between two strings. It is therefore robust with regard to
slightly different spellings and typing errors (e. g. “ceritand “centre”).

The comparison of concept hierarchies or taxonomies is wmrglicated than the
comparison of the lexical layer of ontologies. Such conbégrtarchy measures are often
divided into kinds of local and global measures. The locasuee compares the similar-
ity of the positions of two concepts in the learned and theresfce hierarchy. The global
measure is then computed by averaging the results of thenmzsure for concept pairs
from the reference and the learned ontology.

Furthermore, we have to distinguish between differentliearapproaches. An ex-
ample for such an approach is tBeneral Named Entity Identificatid®NE) where the
algorithm has to find for previously unknown concepts theiximally specific general-
ization from a given ontology, i. e. it adds them as leaf nadebe ontology. Examples
of measures suitable for evaluating GNE algorithms ardaiaiin [23]. They partially
depend on the assumption that the compared ontologies dfdyid their leaf nodes.

But in this paper we will concentrate on another, more gdragmaroach where on-
tologies are learned from scratch, i. e. without a seed ogjolvhich is extended. In the
case of concept hierarchies, it leads to the fact that ngt thiel positions of leaf nodes
may differ between the learned and the reference hieranachglgo the position of inner
concepts. Thus, the evaluation measures can not depenc asshimption that large
portions of the two compared hierarchies (i. e. the seeditdby) match exactly.

One of the first examples of such a concept hierarchy evaluatieasure is théax-
onomic OverlagTO) presented in [22] and [19]. The local taxonomic ovedampares
two concepts based on the set of all their super- and sub ptmde opposite to the
local overlap, which is a symmetric measure, this is not tieedor the global taxo-
nomic overlap measures proposed in [22], [19] and [4], iheytcan be computed into
two directions. In [4] this asymmetry is interpreted as adkifi precision and recall. But
in section 4.5 we will show that this is a misinterpretatidrtlee asymmetry, as local
taxonomic overlap already constitutes a kind of combimatibprecision and recall.

Another example is thdugmented Precision and Rec8iP & AR) presented in
[24] and [25]. It is also divided into a global and a local pafthe measure. For the
local part two alternatives may be used: Thearning AccuracyLA) and theBalanced
Distance Metric(BDM). LA was proposed by [26]. It compares two concepts dase
on their distance in the tree (e. g. the length of the shopatt between the root and
their most specific common abstraction). BDM further depslthe idea of LA by taking
further types of paths and a branching factor of the condafisaccount (see [24]).



Table 1. Rating of concept hierarchy measures

multi dimensionality proportional error effect usage of int&
TO — + ?
AP & AR o ¥ 2
LA — o ?
OntoRand - + +
TPese + + +
(cf. section 4.3)

The latest measure for comparing concept hierarchies i®©ttieRandindex pro-
posed in [27]. It is a symmetric measure which extends tegles used in the clustering
community for comparing two partitions of the same set oféinses. A concept hierar-
chy is seen as a hierarchical partitioning of instances(fdoRand two alternatives ex-
ist to measure the similarity of concepts. The first altéweds based on the set of com-
mon ancestors. The second alternative is based on theaidbatween two concepts in
the tree (like LA and BDM). An important constraint imposadtbe concept hierarchy
is that both compared hierarchies must contain the samé sestances.

3. Criteria for Good Evaluation Measures

Given this variety of evaluation measures for doing a godahdard based evaluation of
concept hierarchies itis now the question what is a “goodisniee and can we give some
criteria according to which to evaluate the different measuMeasures fulfilling the
following criteria will help to avoid misinterpreting evation results and ease drawing
the right conclusions for the improvement of the evaluatetlogy learning algorithm.

The most important criterion is that an ontology is evalda®ngmultiple dimen-
sions This criterion is formulated in several papers like [244 &P8]. But instead of hav-
ing a measure which aggregates the evaluation of all theserdiions into a single value
one should use separate measures for each of the dimenfharsa user can weight
different kinds of errors based on his own preferences. @iébles to better analyze the
strengths and weaknesses of a learned ontology.

As we will show in 5, it is very important that a measure is dnuenced by exactly
one dimension and/or type of error. For example, if one ussssores for evaluating the
lexical layer of an ontology (e.g the lexical precision ardall) and one also wants to
evaluate the quality of the learned concept hierarchy (@itf.the taxonomic overlap),
then a dependency between those measures should be avoided.

The second criterion is that the effect of an error onto thasuee should bpro-
portional to the distance between the correct and the given resulteXamnple, an er-
ror near the root of a concept hierarchy should have a straféget on the evaluation
measure than an error nearer to the leafs (see also [28]).

The third criterion is closely related to the previous ona. fReasures with a closed
scaleinterval (e. g.[0..1]), a gradual increase in the error rate should also lead to a
gradual decrease in the evaluation results. For exampéepieasure has the interval
[0..1] as its scale but already slight errors lead to a decrease oéthrned results from
1to 0.2 then it is difficult to distinguish between slight eseVere errors (see [27]).



In Tab. 1 it is shown in how far the measures for the functiati@ension described
in section 2.2 meet the criteria listed in this section. Tééng is based on the descrip-
tions in [19], [24] and [27]. Additionally, the new findingsoim section 4.5 were used
for rating the taxonomic overlap. A measure can improve itstindimensionality by
two factors: either by removing the influence of the lexi@tdr on the evaluation of
the concept hierarchy or by separately measuring diffexspécts of the hierarchy (e. g.
precision and recall). None of the measures removes themd&iof the lexical layer and
only the augmented precision and recall distinguishes dmtviwo aspects of the hier-
archy. The Learning Accuracy does not achieve the best $optiee proportional error
effect because it considers the distance between the tamdahe given answer only
to some small extent (see [24]). In the following a truly mditmensional approach for
evaluating an ontology will be presented, thus overcomimggroblems of the current
measures.

4. Comparing Learned Ontologies with Gold Standards

In this section measures will be presented which can be umeanfevaluation of the
lexical layer and the concept hierarchy of an ontology. Theasares extend the idea
of precision and recall to the gold standard based evalatimntologies. The lexical
layer of an ontology will be evaluated with lexical precisiand recall (see section 4.2).
For the concept hierarchy a framework of building blocksl w# defined in section
4.3. This framework defines a family of measures and it willbed for systematically
constructing a measure which fulfills the criteria from gatB8.

In the following the simplified definition of a core ontologylle used. This defi-
nition of an ontology only contains the lexical layer and to@cept hierarchy. Similarly
to [4], we define a core ontology as follows:

Definition 1 The structure® := (C, root, <c) is called a core ontologyC is a set of
concept identifiers andoot is a designated root concept for the partial ord€g onC.
This partial order is called concept hierarchy or taxonorifie equatiorvc € C : ¢ <¢
root holds for this concept hierarchy.

In this definition of a core ontology the relation betweemtgion the lexical layer
and their associated concept is a bijection, i. e. each terassociated with exactly
one concept and each concept with exactly one term. Thuspibsgsible to use the a
term as the identifier of a concept. This restriction simgdifthe following formulas.
Nevertheless it would be possible to generalize them todke where an : m relation
between concepts and terms exists (in analogy to [22] arfl [19

4.1. Precision & Recall

This section gives a short overview of precision, recall Bxdeasure, as they are known
from information retrieval (see [29]). They are used for pamng a reference retrieval

1in [27] two different variants of OntoRand are presentede @ariant is based on a tree distance while
the other is based on finding the common ancestor in the conimptdhy. For the comparison in Tab. 1 the
measure based on the common ancestors was used because itwiasnsfY] that it is superior to the tree
distance based measure.



(Ref) with a computed retrieval{omp) returned by a system. Precision and recall are
defined as follows:
_ |Comp N Ref| _ |Comp N Ref|

P(Ref,Comp) = “Comp] R(Ref,Comp) = “ReT (@D)]

It is interesting that precision and recall are the inveffseach other:

Comp N Re
P(Ref,Comp) = ||C'};mp|f| = R(Comp, Ref) (2)

The F-measure is used for giving a summarizing overview and ftartmang the
precision and recall values. TH&-measure is the harmonic meanifndR.

2 - P(Ref,Comp) - R(Ref,Comp)

Fi(Ref,Comp) = P(Ref,Comp) + R(Ref, Comp)

©))
4.2. Lexical Precision & Recall

There exist several measures sufficient for evaluatingekiedl layer of an ontology
(see section 2.2). In this subsection the lexical preciaimmhrecall measures, as they are
described in [20], will be explained in a bit more detail. &abn they will be used in
conjunction with the measures for evaluating concept hibias, as they are presented
in section 4.3. Given a computed core ontoldy and a reference ontolog9x, the
lexical precision {.P) and lexical recall . R) are defined as follows:

CcncC CcncC
LP(0c.0n) = S LR(Oc.0n) = CE0TH @
(root) (root)

(bike ) (ear)  (bike)  (auto)
(van) (coupé)  (BMX) Cvan ) Goupé

Figure 2. Example reference ontolog¥)(z1, left) and computed ontology{¢1, right)

The lexical precision and recall reflect how good the leateechs cover the target
domain. For example, if one compa®@g; andOpg; in Fig. 2 with each other, one gets
LP(Oc¢1,0R1) = 3 = 0.67andLR(Oc1,Op1) = 3 = 0.8.

4.3. Taxonomic Precision & Recall

In this subsection a framework of building blocks is desediblt defines a family of tax-
onomic precision and recall measures from which two coraretasures will be selected
afterward. Only the equations for the taxonomic precisiarasures will be presented.
The corresponding equations for the taxonomic recall nreascan be easily derived
from them because of equation (2). This framework extendsraproves the framework
used for the taxonomic overlap measures in [19]. It espgdiaplaces the previously
used equation for comparing the position of two concepth wéch otheteading to a
completely different behavior of the meas(see also section 4.5).



4.3.1. Comparing Concepts

As mentioned before, measures for comparing two conceprisigies with each other
are usually divided into a kind of local and a global measafesgection 2.2). The local
measure compares the positions of two concepts and thel ghelasure is used for com-
paring two whole concept hierarchies. We start with degugitthe framework’s local
measure. It is then used in the definition of the global measur

For the local taxonomic precision the similarity of two cepts will be computed
based on extracts from the concept hierarchy, which areacteistic for the position of
a concept in the hierarchy. That is,. two extracts shouldainrmany common objects
if the characterized objects are at similar positions inhtegarchy. The proportion of
common objects in the extracts should decrease with inicggdsssimilarity of the char-
acterized concepts. Given such a characteristic extrathe local taxonomic precision
tp.. Of two concepts; € O¢ andey € Of is defined as

_ ece(er,Oc) N ce(ez, OR)|

tpce (Cl, C2, OC» OR) = |C€(Cl OC)‘ (5)

The characteristic extract from the concept hierarchy isrgrortant building block
of the local taxonomic measure and several alternativamtisttions exist. As we will see
below, they have a major influence on the properties of theesponding global measure.
For the taxonomic overlap measure described in [19] it wggested to characterize a
concept by its semantic cotopy, i. e. all its super- and sabepts. Given the concept
¢ € C and the ontology), the semantic cotopye is defined as follows:

sc(c,0) :=={cle; eCNA(c; <eVe<eg)} (6)

If one uses the semantic cotopy for defining the local taxaogmecision measure
tpse, the results will be heavily influenced by the lexical pramisof O because with
decreasing lexical precision more and more conceptg(@f O¢) are not contained in
Or andsc(c, Or). This increases the probability that(c, O¢) contains such concepts,
leading to a direct dependency between the lexical and ttentamic precision. But
according to section 3, evaluation measures should be gudgevhether the different
measures are independent of each other. So taxonomic rasdmsed on the semantic
cotopy shouldn’t be used in conjunction with the lexicalgisen and recall.

This influence of lexical precision and recall on the taxoirmmeasures can be
avoided if one uses the common semantic cotepyas the characteristic extract. The
common semantic cotopy excludes all concepts which arelsotaailable in the other
ontology’s set of concepts:

cse(c,01,02) :={cile; €C1NCa A (¢; <1 ¢V e<y )} @

In Tab. 2 and 3 one can see the influence of inserting and iieglaoncepts in a
hierarchy. The tables contain the setsandcsc for the ontologiesDz; andO¢; which
were already used as an example for lexical precision ardll i@ee Fig. 2). One can
see that inserting and replacing concepts without acteabyging the hierarchy has no
effect on the common semantic cotopy while the semanticpgoi®heavily influenced
by these changes on the lexical layer of an ontology.



Table 2. Semantic cotopies for the ontologies in Fig. 2.

c sc(e, Or1) sc(e, Oct)
root {root, bike, car, van, coupé} {root, bike, BMX, auto, van, @&
car {root, car, van, coupé} -
auto - {root, auto, van, coupé}
van {root, car, van} {root, auto, van}
coupé {root, car, coupé} {root, auto, coupé}
bike {root, bike} {root, bike, BMX}
BMX — {root, bike, BMX}

Table 3. Common semantic cotopies for the ontologies in Fig. 2.

c csc(e,Or1,Oct) csc(e, Oc1, Ort)
root {bike, van, coupé} {bike, van, coupé}
car {root, van, coupé} -
auto - {root, van, coupé}
van {root} {root}

coupé {root} {root}
bike {root} {root}
BMX - {root, bike}

Besides the previously described extracts of the concepatuhy, further extracts
are imaginable. For example, the upwards cotopy (see [Y3eoset of all direct sub-
concepts might be used. In [30] also measures based on #ut slibconcepts were eval-
uated. But [30] shows also that measures based on the seroatupy meet more of the
criteria from section 3.

4.3.2. Comparing Concept Hierarchies

It is now possible to define a framework for constructing eébgldaxonomic precision
measure. Fig. 3 shows the building blocks used in this fraonlefor a global taxonomic
precision measure.

local taxonomic precision

tp(e,e,0c, Or) ifceCp

max.gc, tp(e. ¢/, Oc,Op) ifc & Cr

concept set estimation

Figure 3. Building blocks of the global taxonomic precision measure

The set of conceptarhose local taxonomic precision values are summed up is the

first building block. Two alternatives may be used. The fits#raative is to use the set

of conceptLqs from the learned ontology. If one chooses this alternative, global
taxonomic precision is influenced by the lexical precisibar example, if the lexical
precision of a learned ontology is approximately 5% (likeha empirical evaluation in
section 5.2) then for 95% of the concepts a local taxonomgcipion value has to be
estimated because there doesn't exist a correspondingbincthe reference ontology
(see below). If such an influence of the lexical precisionusthe avoided then the set



of common concept§- N Cr should be preferred. It especially makes sense if one also
uses a local taxonomic precision value based on the comnmoargi cotopy.

The local taxonomic precisiofis the next building block. It is used for comparing
the position of a concept in the learned hierarchy with th&tfmm of the same concept
in the reference hierarchy. Thus the current concept hadggbie both hierarchies.

An estimationof a local taxonomic precision value is the last buildingdilolt is
only used if the current concept isn’t contained in both gs. Its usage is therefore
influenced by the chosen set of concepts (see above). In{19uggested to make
an optimistic estimation by comparing the current conceitit &ll concepts from the
reference ontology and choose the highest local taxonoraigion value. This ensures
that concepts which do not match on the lexical layer (e. gtd'aand "car" in Fig. 2)
will nonetheless match in the concept hierarchy and thusnet high local taxonomic
precision value. The optimistic estimation reduces thei@rfte of lexical precision but
it may also cause misleading results.

In opposite to that, assuming a local taxonomic precisidaevaf 0% if no match
on the lexical layer can be found maximizes the influence eteRical precision. But if
one wants to completely eliminate the influence of lexicatsion one should avoid this
estimation building block anyway. This is done by only agéng the local taxonomic
precision values of the common concepts.

4.3.3. Concrete Measures

In the following the previously presented building block#l Wwe combined to concrete
measures fulfilling the criteria from section 3. The measw#l be evaluated in section
5. In [30] further measures are described and evaluated.pEfier only contains the best
two pairs of measures.

The first pair of measures consists’Bf,. andT R,.. They are based on the se-
mantic cotopy and are thus influenced by the lexical layethénevaluation in section 5
they will be used for demonstrating the disadvantages ofrmithe evaluation of lexical
layer and concept hierarchy. The other building blocks alected so that they further
increase this influence. This is achieved by computing thal iaxonomic precision for
all learned concepts and by estimating the local taxonomgcigion ad) if the current
concept isn't also contained in the reference ontology.

1 tpsc(c ¢, O OR) if ceCp
TP..(Oc,O) = —— 6o, ! 8
(Oc,Or) CC|ceZc:C{O if c¢Cr (8)
TRSC(Oc,OR) = TPSC(OR,Oc) (9)

All'in all, the measure§’P,. andT R,. do not allow a separate evaluation of lexical
layer and concept hierarchy. For evaluation scenariosavagéhorough analysis of the
learned ontologies is needed the measifs,. andT R.. are better suited. Here the
building blocks will be selected so that the influence of #eddal layer is minimized.
This is achieved by using the common semantic cotopy and tmpating the taxonomic
precision values only for the common concepts of both ogiel The latter makes the
estimation of local taxonomic precision values unnecgssar



1

TPCSC<OC7 OR) = Ts A Z tpcsc(ca c, OC7 OR) (10)
[Ce NCrl c€CcNCr
TRCSC(OC7 OR) = TPCSC(ORy OC) (11)

4.4, Taxonomic F- and F'-Measure

Like it is the case for precision and recall in informatiotrieval, also the taxonomic
precision and recall have to be balanced if one wants to v@mombined measure.
Therefore the taxonomic F-measure is introduced, whicheshiarmonic mean of the
global taxonomic precision and recall.

2-TP(O¢,0r) - TR(Oc, OR)
TP(Oc,Or) +TR(Oc, Or)

TF(O¢,0R) == (12)

A higher taxonomic F-measure corresponds to a better gulihe concept hierar-
chy. The meaningfulness with regard to the overall qualitthe ontology (lexical level
+ taxxonomy) depends on the chosen building blockg & is not influenced by the
lexical level then the taxonomic F'-measure (see [4]) malitewhally be computed. Itis
the harmonic mean af R andT'F:

_ 2-LR(Og¢,0r) - TF(Oc, Or)

/ .
TF (OC7OR) T LR(OC,OR) +TF(OC7OR) (13)

4.5. Taxonomic Overlap

In [22] and [4] the taxonomic overlap measure is defined. #i$® divided into a global
and a local part of the measure. The global taxonomic ovér@mas the same building
blocks likeT' P but instead of the local taxonomic precision it uses thellogerlapto:

_Isc(er, 01) Nose(ca, O02)]

tose(c1, 2,01, 09) := Ise(c1, Or) Usc(ca, O]

(14)

Becauseo is a symmetric measure, it depends on the other buildingbl@mncept
set and estimation component) whether the global taxonomgédap is symmetric or
asymmetric. We have shown the following lemma (cf. [30] tsrgroof):

Lemma 1 Symmetric global taxonomic overlap measures can be soksiyet! from
taxonomic F-measures. The equatib® = TF/(2 — TF) holds.

This lemma implies that symmetriEO measures behave [IKEF' measures (see
[30] for a symmetricl’O measure). In [22] and [4] an asymmetric overlap measure-is de
fined. There, this asymmetry is interpreted like a kind otjzien and recall. But in [30]
it was shown that no strictly monotonic dependency existaéen that asymmetricO
measure and correspondifig® andT R measures. Thus the asymmetry can not be in-
terpreted like precision and recall. It should be avoideds® asymmetri@’O measures
until the unclarity with regard to their interpretation esolved. Instead corresponding
taxonomic precision and recall measures should be used.



Table 4. Evaluation of the ontologies in Fig. 4 with a semantic cotopgdd measure

Compare?® g, with LP LR T Psc TRse TFsc TF;,
Oco 100.00% 57.14% 100.00% 51.02% 67.57% 61.92%
Ocs 71.43% 71.43% 54.25% 54.25% 54.25% 61.67%

Table 5. Evaluation of the ontologies in Fig. 4 with a common semantiopgpbased measure

CompareD 2 with LP LR T Presc TRese TFese TF/,.
Oc2 100.00% 57.14% 100.00% 100.00% 100.00% 72.73%
Ocs 71.43% 71.43% 100.00% 100.00% 100.00% 83.33%

5. Evaluation

In this section the measures presented in 4.3.3 will be &oally and empirically eval-
uated. In the analytical evaluation it will be checked in hiawthey fulfill the criteria
defined in section 3. Subsequently in the empirical evaduait will be shown in how
far the choice of the measure influences the outcome of tHeagian of an ontology
learning task.

5.1. Analytical Evaluation

First, it will be checked in how far the taxonomic measuresiadependent of the mea-
sures for the lexical layer. This corresponds to the firdedaon that a good set of mea-
sures allows for evaluating along multiple dimensions s€ly related to this criterion is
the objective that each measure is independent of the otbasumes. The ontologies in
Fig. 4 will be used for this purpose. Compareda, there are three concepts missing
in O¢2, but the hierarchy of the remaining concepts is not changisd. in O¢3 the hi-
erarchy is not changed but the natural language identifism@toncepts is changed (e.
g. "car" is renamed to "auto"). Thus the hierarchy of botlotwgies is perfectly learned
but there are errors on the lexical layer. This has to be teflidoy taxonomy measures
which are not influenced by errors on the lexical layer.

As one can see in Tab. 4 and 5 only the measiiies,. andT' R, are independent
of the lexical precision and recall. But this was alreadyestpd from the properties
of the single building blocks of the taxonomic measuress thbre surprising to which
extent the lexical precision and recall influeri¢,. andT' R,.. The errors on the lexical
layer of both learned ontologies lead to a higher decreagbeofaxonomic measures
than of the lexical measures. This can be seen by comparngatbes of the taxonomic
measures and of the lexical measures in Tab. 4. The valué® dédkxonomic measures
are lower than the corresponding values of the lexical nreasaithough the evaluated
ontologies only contain errors on the lexical layer.

Croot) (root) Croot)
Cear) (hbike) CearD Caute)  (hike)
Cvan) Goupé) (BMX) dandem) Cvan) Goupé) (van ) (coupé) (BMX) nicycle

Figure 4. Reference ontology® k2, left) and two learned ontologie®¢-, middle; O¢3, right)



Table 6. Evaluation of the ontologies in Fig. 5 with a semantic cotopgdd measure

Compare? g3 with LpP LR TP, TRgc TF,. TF!,
Ocu 100.00% 100.00% 66.67% 66.67% 66.67% 80.00%
Ocs 100.00% 100.00% 83.33% 83.33% 83.33% 90.91%

Table 7. Evaluation of the ontologies in Fig. 5 with a common semantiopgpbased measure

CompareOD g3 with LP LR TPese TRese TFese TF/,.
Ocy 100.00% 100.00% 52.38% 52.38% 52.38% 68.75%
Ocs 100.00% 100.00% 76.19% 76.19% 76.19% 84.49%

The second criterion of good evaluation measures was thaffibct of an error onto
the measure should be proportional to the distance betweendrrect and the given
result. This criterion will be checked with the ontologiesHig. 5. There, inD¢,, the
two concepts "car" and "bike" are interchanged, corresipgnid an error near the root
of the hierarchy. INO¢5 the two leaf concepts "coupé" and "BMX" are interchanged.
Altogether the errors i, are more serious than the errorsti;. Thus measures
which fulfill this second criterion should raté-, worse thanD¢5. In Tab. 6 and 7 one
can see that both pairs of measures fulfill this criterion.

Croat) (oot (oot
Ceard Bk (Bked  Cear) CGard (biked
(van ) €oupd) (BMX) dandem  (van ) €oupé) (BMX @andem)  (van ) (BMX) €oupé) dandem

Figure 5. Reference ontology® i3, left) and two learned ontologie®(4, middle; O¢s, right)

The third and last criterion of good evaluation measuresthatsa gradual increase
in the error rate should lead to a more or less gradual dexiadhe evaluation results.
One can see from the previously given examples That,. andT R, fulfill this cri-
terion. Especially for the ontologies in Fig. 4 it returnestfect evaluation results. The
opposite is true fofl’ P,. andT R,.: Because these measures are influenced by errors in
the lexical layer as well as by errors in the concept hiesatbby will drop very fast if
both kinds of errors occur in an ontology. Additionally it syshown that they are more
strongly influenced by errors in the lexical layer than thddal precision and recall
measure itself.

TP, andT R, are all in all better suited for evaluating a concept hidrgrand
drawing conclusions about the strengths and weaknessles o§éd learning procedure.

5.2. Empirical Evaluation

In this section the previously described measures will leel irs a real evaluation of con-
cept hierarchies learned with Hearst patterns (cf. [31), [8 this evaluation it will be
shown in how far the choice of the measure influences the eafithe results and sub-
sequently the conclusions which are drawn from the evalnaif a learning algorithm.
For the evaluation, several ontologies for the tourism domeere learned from a cor-
pus of 4596 tourism related Wikipedia articles with 6.54limil tokens. The reference
ontology was created by an experienced ontology engingbinithe GETESS project
(see [32] and Tab. 8 for more details about the ontology).



If the Hearst patterns are applied on a collection of texts, very likely that the
same relation is extracted more than once. This informat&énbe used for defining a
confidence value in the extracted relation. The confidenteisased, with the number
of occurrences. The most often extracted relation gets fidamte value of 1.0. It drops
to 0.0 with descending occurrences. Four different thrigisttowere applied to the con-
fidence value for filtering the taxonomic relations. For mdetails on the experiment
and further results for other learning algorithms and doenincorpora see [30].

In Fig. 6, 7 and 8 one can see the evaluation results for tlemtaric and the lexical
layer of the learned ontologies. These raw evaluation teshlould now be used for
deciding for which threshold the best results were achiel#gl 7 and 8 contain the
evaluation of the taxonomic layer of the same ontologiesdvaluated with the two
different measures from section 4.3.3.
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Figure 6. Evaluation of the lexical layer depending on threshild
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Figure 7. Evaluation of learned ontologies WithP. ;. depending on threshol@l
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Figure 8. Evaluation of learned ontologies withPs. depending on thresholl

Table 8. Structural evaluation of the reference ontology and thekhontologies

0 concepts circles avg. depth avg. sub sub. dev. avg. super  er dap
ref 294 1 5.14 5.22 4.42 1.03 0.17
0.0 14569 4973 119.29 3.57 53.2 1.52 2.2
0.3 893 97 3.8 2.81 14.89 1.22 0.87
0.6 246 24 3.29 2.68 8.39 1.16 0.78
0.9 116 2 3.17 2.76 6.06 1.08 0.35

Looking at the results in Fig. 7 one can see that there is armmjmwovement of the
quality on the taxonomic layer #f is increased from 0.0 to 0.3. But this improvement on
the taxonomic layer is accompanied by a decrease of thealerdcall (see Fig. 6) thus
it isn’t so clear whether the ontologies with= 0.0 or 0.3 are better. But from the low
lexical and taxonomic precision foréa= 0.0 one may also conclude that this ontology
more or less “accidentally” contains correct terms and iaxaic relations (which lead
to the high recall values). So after a deeper analysis of thkiation results one may
come to the conclusion that learning taxonomic relatiorik Wearst patterns works best
if the output ontology is moderately filtered based on theghold values.

The conclusion based on the functional evaluation of thied¢and taxonomic layer
is also supported by the structural evaluation in Tab. 8.fireerow of the table contains
the values of the reference ontology against which the éshamtologies are compared.
The following rows contain the values of the learned ont@egOne can see that the
unfiltered concept hierarchy contains 4,973 circularitpesin the concept hierarchy (.
e. aconceptis also one of its superconcepts) and that thegeveardinality of the paths
from the root to the leaf nodes (i. e. the average depth of ib@fchy) is 119. Addi-
tionally, it is interesting to look at the branching factdrtbe hierarchy: The concepts
have 3.57 direct subconcepts in average with a very higratewiof 53.2. The average
number of direct superconcepts is also quite high with 1r¥Padeviation of 2.2 (i. e.
there exist many multi-hierarchical concepts). All thesectural measures show that the
hierarchy of the unfiltered ontology is more or less degdedra/hile the values for the
ontology withé = 0.3 are close to the values of the manually built reference oggol



The exemplary evaluation witi P.,. andT R.,. shows that they allow for sepa-
rately evaluating the taxonomic and lexical layer of an togy. The different evalua-
tion measures have to be weighed and prioritized thus farramoverall picture of the
advantages and disadvantages of the ontologies and thusetédearning algorithm.

The separate evaluation of the functional dimension of &xertomic and lexical
layer is not possible if'P,. andT R, are used instead. In constructing the measures in
section 4.3 as well as in the analytical evaluation in 5.1aswredicted that there is a
strong dependency @fP,. andT R,. on the respective measure from the lexical layer.
This dependency also becomes obvious by comparing Fig. G=anpd. Both graphs
show more or less the same information, i. e. the evaluatidheotaxonomic layer is
superimposed by the influence of the lexical layer. Thus ohgwonclusions about the
taxonomic layer and making a truly multidimensional evétrais impossible because
the used measures are not independent of each other.

6. Conclusions

In this chapter we presented an overview of several existppgoaches to the evaluation
of ontologies. It was shown that in the scenario of evalgatintology learning algo-
rithms a gold standard based evaluation approach is thebeise while for the quality
assurance during an ontology engineering project a cortibmaf task-, corpus- and
criteria-based evaluation approaches should be used.

Focusing on the scenario of evaluating ontology learniggrhms, we presented
a framework for gold standard based evaluations. It was fmsexteating a measure for
the taxonomic layer. It was shown by means of an analyticdlempirical evaluation
that it fulfills the three basic criteria for gold standardséd evaluations: (i) allowing for
evaluating along multiple dimensions, (ii) taking the diate between correct and given
answer into account and (iii) the scale interval of the mea&iused more evenly.
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